Perception and cognition oscillate with fluctuating bodily states. For example, visual pro-2 cessing has been shown to change with alternating cardiac phases. Here, we study the 3 heartbeat's role for active information sampling-testing whether humans implicitly act upon 4 their environment so that relevant signals appear during preferred cardiac phases. 5
Introduction 1
We perceive and act upon the world while our brain continuously integrates exteroceptive 2 and interoceptive information, that is, information received from external (e.g., through vision 3 and touch) and internal sources (e.g., through viscerosensation and proprioception), respec-4 tively (Barrett & Simmons, 2015; Kleckner et al., 2017) . Through the fine-tuned interplay of 5 brain and body, we are able to react to changes in the external and the internal environment 6 to maintain or restore our bodily integrity and well-being. Via feedback loops, the brain there-7 by receives afferent information about bodily states to regulate and adjust bodily activity ac-8 cordingly (Craig, 2002; Critchley & Harrison, 2013; Mayer, 2011; Saper, 2002) . To fully cap-9 ture the bi-directionality of brain-body interactions and their association with mental process-10 es, it is essential to investigate if and how such afferent bodily information modulates our 11 thoughts, feelings, and behaviour. 12
One approach to study bodily influences on cognition and behaviour exploits natural 13 physiological fluctuations. Such fluctuations occur at multiple time scales-ranging from milli-14 seconds to weeks (e.g., brain oscillations, heartbeats, the circadian rhythm, or the menstrual 15 cycle)-and they dynamically interact with each other as well as with the environment (Glass, 16 2001 ). How such natural physiological variability is processed in the brain remains poorly 17 understood. However, it has been shown that brain and beyond-brain organ systems (e.g., 18
the cardiorespiratory or the gastrointestinal system) co-vary in their oscillatory activity (Fan et Particularly the heart, as a fundamental internal oscillator, has been the target of a 22 growing body of research that investigates how cardiac fluctuations are integrated with the 23 processing of external stimuli (for a review see Critchley & Garfinkel, 2018) . Cardiac activity 24 occurs in a cycle of two phases: During diastole, the ventricles relax to be filled with blood; 25 during systole, the ventricles contract and eject blood into the arteries, while visceral path-26 ways send information about each heartbeat to the brain (Critchley & Harrison, 2013) . Such 27 natural phasic changes of the cardiovascular state have been mainly associated with varia-28 tions in perception: For sensory processing, which is typically measured with detection tasks 29 or reaction time tasks, response to passively presented stimuli has been shown to be attenu-30 ated during early cardiac phases (i.e., during systole) or relatively enhanced at later time 31 
21
Recognition: We also investigated the association between the cardiac cycle and 22 memory processing: In a circular analysis, we tested whether the distribution of onset times 23 during stimulus encoding differed for pictures that were correctly remembered (hits) or erro-24 neously identified as new pictures (miss). Overall, picture onset times during the encoding 25 
period did not significantly deviate from a uniform distribution over the cardiac cycle for hits 1 (R 0 = 0.20, p = .21) and misses (R 0 = 0.16, p = .36). 2
We further investigated the influence of cardiac phase (systole, diastole) and picture 3 valence on recognition memory. A LMM (cf. Table 1 ) with contrast-coded picture valence 4 (negative-neutral, positive-neutral) revealed a significant memory benefit for negative vs. 
23

Supplementary results 24
Beyond our preregistered hypotheses, additional results were obtained by further exploratory 25
analyses. 26
Recognition memory varies with resting heart rate variability. We investigated the role 1 of inter-individual variables (i.e., interoceptive awareness, trait anxiety, resting heart rate var-2 iability) for memory performance with correlation analyses (cf. Supplementary Methods). 3
Neither differences in interoceptive accuracy (r(39) = -.12, p = .46), nor in trait anxiety (r(41) 4 = .039, p = .80) were associated with mean recognition performance ( Supplementary Fig.  5   1a, 1b) . However, there was a non-significant trend of resting heart rate variability (i.e., rest-6 ing rMSSD) to be positively correlated with mean recognition performance (r(41) = .29, p = 7
.056), that is, recognition memory increased with higher resting heart rate variability (Sup-8 plementary Fig. 1c) . 
15
Subjective perception of picture emotionality. As a control, we analysed if the subjec-16 tive valence and arousal ratings in our study differed from the EmoPicS normative ratings 17 (Supplementary Fig. 2 ). For ratings of the two affective dimensions, valence and arousal, 18 mixed-design ANOVAs tested the main and interaction effects of the repeated-measures 19 factor rating category (normative, individual) and the factor picture valence (positive, neutral, 20 negative). We observed a significant main effect of rating category for both, valence and rectly encoded via frequency (e.g., increased heart rate) and waveform (e.g., increased am-6 plitude in elevated blood pressure) (Dampney et 
sponses is activated (e.g., elevated blood pressure and accelerated heart rate) and the affer- heart rates might more strongly modulate cognition and behaviour (e.g., active perception 26 and self-paced action), thereby supporting what information is preferentially processed. 27
Our experiment has several limitations: While linking active perception and the cardi-28 ac cycle, our design does not allow to decompose cardiac influences at the levels of soma-29 tomotor, sensory, and cognitive processing. A control condition to dissociate cardiac-related 30 motor activity from visual processing could rule out a pure motor effect, for example by test-31 ing spontaneous motor actions that are not explicitly coupled to perception of (relevant) stim-32 uli. The hypothesis would be that button presses that do not prompt relevant sensory input 33 would be randomly (i.e., uniformly) distributed across the cardiac cycle. An essential step to 34 investigate the role of cardiac activity as bodily reference would be to test cardiac coupling of 35 stimulus processing under conditions of altered cardiac activity (e.g., increased heart rate), 36 for example by inducing stress through increased sensory uncertainty (e.g., by manipulating 1 stimulus predictability). In addition, measurements of cardiac representations in the brain 2 (e.g., using EEG) would extend our understanding of the central integration and modulation 3 of cardiac signals, for example, in the context of self-paced visual sampling and visual 4 memory processing. 5
In conclusion, our findings imply that the heartbeat constitutes a crucial bodily signal 6 that is integrated in our active engagement with the external world. Specifically, they suggest 7 that we tend to act in a phase of inhibited cardiac-and thus self-related sensory processing 8 (namely cardiac systole) when extracting relevant information from our environment. Subtly 9 emerging under normal conditions, this influence might become functionally relevant in states 10 of high arousal (e.g., in stressful situations). Extending previous frameworks of mind-brain-11 body interactions (Park & Tallon-Baudry, 2014), we propose that we implicitly exploit internal 12 ongoing bodily fluctuations as a predictable reference frame from which interaction with our 13 ever-changing and often unpredictable environment can arise. When initiating actions to 14 sample the noisy world around us, we relate them to the rhythm we know best-our own 15
heartbeat. 16
Methods 1
Preregistration. The protocol and the hypotheses of our study were pre-registered prior to the 2 data acquisition using the Open Science Framework (https://osf.io/5z8rx/). Four subjects were excluded due to deviant cardiovascular parameters: two subjects with 7 tachycardic mean resting heart rates (> 100 bpm), one subject with hypertonic blood pres-8 sure (171/89 mmHg), one subject with numerous ventricular extrasystoles during the experi-9 mental period (> 10 per minute). The sample size was based on previous cardiac cycle stud- 959NF, Suwong, Korea) with a refresh rate of 100 Hz and a spatial resolution of 1280x1024 21 pixels. Their head was positioned on a chin rest at a distance of 50 cm from the screen. The 22 participants' task comprised two parts: During the encoding period, participants were asked 23 to click through a picture set (800x600 pixels) in self-paced speed and to memorize the pic-24 tures for a subsequent memory test. By button press, they prompted the immediate onset of 25 the next picture, which appeared for 100 ms. In between self-chosen key presses (i.e. picture 26 onsets), a central fixation cross was presented. After a break of five minutes, they completed 27 the recognition period, during which they indicated for each picture whether or not they had 28 seen it before. Here, pictures were passively presented for 100 ms, followed by a centrally 29 presented fixation cross until participants entered their recognition response ("old", "new") via 30 key press. 31 measures inter-individual differences in brain-heart interaction and particularly in parasympa-32 thetic cardioregulation (Task Force, 1996) . HRV can be quantified through changes in the 33 beat-to-beat intervals of the ECG (Task Force, 1996). We calculated the root mean square of 34 successive differences (rMSSD) during the 7-minute baseline ECG. 35 
36
Procedure. Upon arrival in the lab, participants were equipped with the ECG. Comfortably 1 seated, they were asked to relax for seven minutes and breathe normally. Then, blood pres-2 sure was measured (twice, if elevated) using a standard sphygmomanometer (OMRON M8 3 Comfort). After a brief training session to familiarize participants with the task, they per-4 formed the two experimental periods (i.e., encoding and recognition). During a 5-minute 5 break between the two parts, participants completed the Trait Anxiety Inventory (STAI-T; 6
Laux et al., 1981; Spielberger et al., 1983) . To assess subjective perception in our sample 7 and compare it to the EmoPicS' normative ratings, all 180 photos were rated after the recog-8 nition period similarly to the original EmoPicS normative ratings (Wessa et al., 2010) : "How 9 do you feel looking at the picture?" was answered for valence (1: sad -9: happy) and arousal 10
(1: calm -9: excited) on a 9-level Likert-type scale. For each trial, both rating scales were 11 displayed successively, one above and one below each picture, followed by a 500-ms fixa-12 tion cross (between trials). Finally, subjects performed the heartbeat perception task 13 (Schandry, 1981 ) that was presented acoustically. 
Encoding period-cardiac modulation of self-paced visual sampling. 27
Circular analysis: For the circular analysis, we computed the relative onset of each key press 28 (prompting picture onset) within the cardiac cycle, which was indicated in the ECG as the 29 interval between the previous and the following R peak (Fig. 2b) . According to its relative 30 timing within this R-R interval, radian values between 0 and 2π were assigned to each stimu- (i.e., the set of individual means is not spread evenly across the cardiac cycle), the data can 4 be interpreted as too locally clustered to be consistent with a uniform distribution that served 5 as null hypothesis (Pewsey et al., 2013) . The code for individual and group-level circular 6 analysis can be found on GitHub (https://github.com/SKunzendorf/0303_INCASI). Confi-7 dence intervals and significance were non-parametrically calculated through bootstrapping 8 based on analyses from a previous study (Ohl et al., 2016) : From the original pool of 43 par-9 ticipants, we drew a random bootstrap sample of 43 participants with replacement. For each 10 participant in the bootstrap sample, we first computed a circular density (bandwidth = 20) of 11 picture onsets, and then computed the mean circular density across the 43 participants in the 12 bootstrap sample. Confidence intervals (95%) were determined as 2.5% and 97.5% percen-13 tiles from the distribution of mean circular densities obtained by repeating the bootstrap pro-14 cedure 10000 times. Deviation from the circular uniform was considered as significant when 15 the 95% confidence interval determined by the bootstrapping is outside the circular density of 16 a uniform distribution. 17
Binary analysis: To account for the phasic nature of cardiac activity and to increase 18 comparability to previous cardiac cycle studies, we segmented the cardiac cycle into systole 19 and diastole (Fig. 2b) . It needs to be noted that systolic phases vary inversely with heart rate 20 Although the absolute length of systole decreases with a faster heartbeat, its proportionate 23 share of the entire cardiac cycle increases. Such between-subject variation of cardiac phase 24 lengths that arises from differences in heart rate supports the need for more elaborated ana-25 lytical approaches in cardiac cycle studies. Thus, we did not use absolute systole and diasto-26 le lengths (e.g., defining systole as the 300 ms following an R peak) but computed partici-27 pant-specific phases based on cardio-mechanical events related to the ECG (for detailed 28 binning procedure cf. Supplementary Methods). This enabled us to extract the phase of 29 systolic blood-ejection for each participant. In the following, we will use the term "systole" to 30 refer to this ejection-phase. The (self-paced) picture onsets were then assigned to the re-31 spective cardiac phase (i.e., individual systole or diastole). To take into account between-32 subject differences in heart rate (and thus cardiac phase lengths), the sum of picture onsets 33 per phase (as ratio of all 120 trials) was normalized to the proportion of the subject-specific 34 phase length in the total cardiac cycle, resulting in a value of (picture onsets per cardiac 35 phase / 120) / (individual cardiac phase length / individual mean R-R length) for each cardiac 36 phase. With no cardiac effect, button presses (triggering picture onsets) would be randomly 1 distributed across both cardiac phases. That is, the rate of systolic (diastolic) picture onsets 2 should correspond to the proportion of systole (diastole) in the total R-R length, thereby re-3 sulting in a ratio of 1. A ratio >1 thus reflects an over-proportional accumulation of picture 4 onsets in the respective cardiac phase. In the group-level analysis, normalized systolic and 5 diastolic ratios were tested against each other with a two-sided paired t-test. in the encoding period, we analysed-for each participant-the stimulus subset of memory 10 probes (i.e., pictures in the recognition period that had already been shown during the encod-11 ing phase) with respect to their cardiac onset during encoding. Parallel to the circular analy-12 sis regarding visual sampling during encoding (see above), we computed the self-paced on-13 set of memory probes during encoding across the participant's cardiac cycle (Fig. 2b) . To 14 correct for a possible bias due to self-paced memory probe distributions, three subjects with 15 non-uniform circular distributions of memory probes (indicated by significant Rayleigh tests) 16
were excluded from further analysis. At the group level, we then analysed circular distribu-17 tions of onset times for memory probes that were correctly remembered (hits) or erroneously 18 identified as new pictures (miss). To that aim, sets of individual mean onsets for hits and 19 misses were tested against the circular uniform distribution using Rayleigh tests. Fig. 3a ) was defined as the 11 time difference between q-wave onset and the t-wave end (QT). For each cardiac cycle, the 12 systolic ejection period was extracted by removing the pre-ejection period (PEP) using re-13 gression equations (Weissler et al., 1968 , see below) that were formerly used in clinical car-14 diology as a "non-invasive" technique to determine systolic time intervals (R. P. Lewis et al., 15 1977 ). Thus, we could more precisely disentangle systolic phases of isovolumetric contrac-16 tion (no blood outflow, PEP), and ejection phase (blood outflow into the aorta and pulmonary 17 artery, EP). To prevent an overlap of systole and diastole, a window of 50 ms was inserted 18 between both segments. Diastole was defined as the remaining part within the R-R interval 19 (R-R -QT -50 ms). 20 T-wave end detection followed a two-step procedure: First, a t-wave template was 21 computed for every participant by averaging 1000 ECG trace snippets from the experimental 22 period, which encompassed a-physiologically plausible-time interval to contain the t-wave: 23 up to 390 ms following each R peak. Subsequently, the Trapez area algorithm (Vázquez-24 Seisdedos et al., 2011) was applied to compute the t-wave end in each subject-specific tem-25 plate: Having located the t-peak as local maximum within the template, the algorithm com-26 putes a series of trapezes along the descending part of the t-wave signal, defining the t-wave 27 end as the point where the trapezium's area gets maximal. 28 Q-wave onsets (or, if not clearly discernable, R-peak onsets), demarcating the onset 29 of ventricular systole, served as a starting point for the regression equations (Weissler et al., 30 1968) . Similarly computed within an averaged template, they were determined as the first 31 prominent negative deflection from baseline (or, if replaced by R-peak onset, the first domi-32 nant upward deflection), preceding the R-peak in the ECG trace (Sherwood et al., 1990) . 33
Thereby, a template-based systole length (QT) was obtained for each participant. 34
To extract PEP intervals from participants' total systole length (QT), a regression 35 equation was applied to each cardiac cycle, which relates the duration of PEP to the partici-36 pant's mean heart rate (HR), and is corrected for slight differences between male (M) and 1 female (F) (PEP (M) = -0.4 HR + 131, PEP (F) = -0.4 HR+ 133) (Weissler et al., 1968 ). The 2 PEP was then subtracted from the whole QT-Interval, which determined the EP within each 3 cardiac cycle. We visually checked the fit of individual cardiac intervals, visualizing them on 4 the actual ECG trace (in the encoding period) of each subject (cf. Supplementary Fig. 3a) . 5
The code for detection of individual cardiac intervals (in R) is available on GitHub 6
(https://github.com/SKunzendorf/0303_INCASI). 7
8
Inter-individual variation of cardiac intervals. To illustrate the heart rate-dependent variation 9 of cardiac intervals, the two tachycardic subjects were included in this control analysis (sam-10 ple size: N = 45, including 21 female; age: 18 -34 years, M = 25.9 years, SD = 4.38). Mean 11 heart rates varied from 52.6 to 113.7 bpm (M = 74.7, SD = 12.9), with mean R-R intervals 12 ranging from 0.53 s to 1.15 s (M = 0.83, SD = 0.14). 13
Visualization of subject-specific systolic templates within their individual ECG trace 14 indicated that under the present experimental conditions, within-subject systole lengths stay 15 rather constant. However, between subjects, systolic intervals do differ together with differ-16 ences in mean individual heart rates. Fig. 3b right) . This non-27 proportional shrinking of systolic intervals at higher heart rates underpins the crucial physio-28 logical role of systole within the cardiac cycle: Cardiac cycle lengths shorten mainly at cost of 29 diastole to ensure sufficient blood ejection at higher heart rates. Grey areas represent the 95% confidence intervals.
10
Supplementary analysis of recognition memory and inter-individual differences. In an addi-11 tional analysis, participants' overall mean recognition performance (i.e., the percentage of 12 correctly recognised pictures) was correlated with variables of inter-individual differences: 13
Interoceptive accuracy (centred via z-transformation), trait anxiety (centred via z-14 transformation), and resting heart rate variability/ rMSSD (log-transformed to mitigate 15 skewedness and centred to the mean). For measures of interoceptive accuracy, two partici-16 pants with lacking information in the heartbeat perception task were excluded from the analy-17 sis (n = 41). 
